The improvement of precipitation estimation with the use of radar-raingauge rainfall merging techniques is influenced by several factors, such as topography, storm types, raingauge network density for adjustment, data quality and the rainfall accumulation time. However, the influence of the raingauge network configuration on the performance of radar-raingauge merging methods is often ignored. The aim of this study is to compare and evaluate the performance of different radarraingauge merging methods on various densities of raingauge network and raingauge network configurations. The analysis of the effect of the raingauge network density shows that the performance of Kriging merging methods increases with the increase of raingauge network density.
INTRODUCTION
Accurate precipitation estimates in time and space are key input in hydrological studies and applications (Berndtsson & Niemczynowicz ; Vieux & Bedient ; Ogden et al. ) . Raingauges can provide accurate rainfall measurements at individual point locations. However, often raingauge networks are too scattered to be able to measure the variability of the precipitation distribution in space and time. Tipping bucket raingauges (TBRs) are the most widely used instruments to measure rainfall rates, but its accuracy suffers from several sources of errors (Habib et al. ; Ciach ) . For instance, some of the typical errors in TBRs are due to blockages, wetting and evaporation in the funnel, condensation errors, underestimation of high rain rates and wind effects (Upton & Rahimi ) .
Moreover, raingauge measurements suffer from spatial sampling errors because they represent point measurements often approximated (or compared) to areal estimates (Villarini et al. ) . To obtain a distributed precipitation field based on raingauge measurements only, several spatial interpolation methods have been developed. These methods can be either geostatistical (such as Kriging) or non-geostatistical (such as inverse distance weighting and regression model). However, even a high-density raingauge network is unable to fully capture the true rainfall field at short time- Since the radar-raingauge merging method is the final step for radar-based precipitation estimation, minimising all the sources of error in radar rainfall before the merging is applied is important to improve the precipitation esti- The aim of this study is to compare and evaluate the performance of different merging methods on various densities of raingauge network for different storm types. The influence of the raingauge network configuration on the performance of radar-raingauge merging methods is often ignored and a few studies had looked at the impact of network configuration on the representativeness of the spatial distribution of rainfall (Germann & Joss ; Villarini et al. ) . In addition, the performance of the different radar-raingauge merging methods is usually assessed in terms of rainfall rates using raingauge measurements, but the spatial distribution of precipitation of the merged rainfall field is often not assessed. Therefore, this paper assesses the impact of raingauge network configuration by the different radar-raingauge merging methods, not only in terms of rainfall rates, but also evaluating the resulting precipitation distribution of the radar-gauge merged products. An independent verification raingauge network is used to evaluate the performance of the merging methods in this study in terms of rainfall rates. This paper is structured as follows. The next section introduces the study region and data sets from the raingauge network and radar measurements. Brief descriptions of selection of network density and configuration, the various radar-raingauge merging methods as well as the performance indicators used for the comparisons are given in the following section. The penultimate section is subdivided into three sections presenting the sensitivity analysis of storm types, the effect of raingauge network density on radar-raingauge merging performance, and the effect of raingauge network configuration on radar-raingauge merging performance. Finally, the summary and conclusions of this work are presented.
RADAR AND RAINGAUGE OBSERVATIONS
The study area is located in the North of England and the area is bounded by a window of approximately 250 × 200 km in size. Raingauge data and composite radar rainfall fields (RAD) were accumulated and merged on the hourly timescale. On this timescale, data from 214 automatic tipping bucket raingauges were available within this area.
The raingauge data were provided by the Environment Agency. The locations of the radars and raingauges are shown in Figure 1 . In this study it is assumed that raingauge measurements provide the ground truth. However, as mentioned in the previous section, raingauge measurements are also prone to error and an effort has been made in this study to identify time periods with suspected invalid data. Also, note that part of the differences between radar and raingauge measurements can be explained by the fact that the former is an areal measurement whereas the latter is a point measurement. Ciach & Krajewski () developed a methodology to estimate the variance reduction factor (VRF), which is the variance between radar and raingauge measurements (point-to-area variance) with respect to the variance of the raingauge measurements (point variance).
We estimated that the maximum VRF for a raingauge randomly located in a 1 km 2 radar pixel is less than 10%
(assuming the 60-min spatial correlation given by Bringi et al. () ). This error is relatively small compared to other sources of error in radar rainfall estimates and is therefore ignored in this study.
The RAD is a composite product from a network of 18 C-band weather radars provided by the UK Met Office through the British Atmospheric Data Centre. As shown in scan. Based on the analyses of these parameters, a simple classification method has been adapted in this study.
However, it is often difficult to judge the threshold for the discrimination of convective and stratiform events based only on the radar reflectivity. Thus, with the consideration of our study region, the following thresholds have been used for the classification of the storm types.
A precipitation event can be identified as convective when the rain event has convective pixels that cover an area of at least 3% of the whole precipitation area during 3 hours or more. If the precipitation area covered by the convective structures does not exceed 3% of the total region, then that storm can be identified as mixed
precipitation. An event is classified as stratiform when the convective pixels do not exceed 1% of the total precipitation area. All the selected storm events with descriptive data are summarised in Table 1 .
METHODOLOGY Network density and configuration analysis
To assess the performance of radar-raingauge merging techniques, an independent validation raingauge network has been used in this study. Before selecting the raingauge network for validation, the study region has been subdivided into 20 subdivisions with the same area of 50 × 50 km 2 (see the grids in Figure 1 ). The purpose of these subdivisions is to ensure that the selected raingauges for calibration and validation are homogeneously distributed in the study region. One-hundred and sixty-one raingauges were used for calibration and 53 raingauges were used for validation as shown in Figure 1 . The validation raingauges represent approximately 25% of the available raingauges in each subdivision (i.e. in each 50 × 50 km 2 region). Note that the Table 2 ). Note that the 50 × 50 km 2 regions shown in Figure 1 were also used for the random selection of the raingauges used for calibration (i.e. for the application of a radar-raingauge merging method). This ensures that the calibration and validation raingauges are evenly distributed in the entire region. Figure 3 illustrates the example of the distributions of high-, moderate-and low-density raingauge networks for the application of the radar-gauge merging methods.
Moreover, to analyse the effect of the raingauge network configuration in the final radar-raingauge merged product, 10 different raingauge network configurations were randomly selected for each raingauge network density, except when using the entire calibration raingauge network. To get a first impression of the difference of raingauge network configurations for each network density, the clustering factor (CF) (Garcia et al. ) for the raingauge network distribution has been calculated for each independent raingauge network, and it is given by
where N is the number of raingauges, d n is the distance to the nearest neighbour of the raingauge n, and Figure 3 , the mean and standard deviation of nearestneighbour distances significantly increases with the decrease of network density. This is indicative that a dense raingauge network may be able to represent the distribution of precipitation better than a low-density gauge network over the study region. In comparison, although the mean and standard deviation of a moderate-density network is higher than a high-density network, its CF with the value of 0.77 is much lower than that of a highdensity network with the value of 0.96. This is in part due to the fact that when randomly selecting the raingauges for calibration, the 50 × 50 km grid shown in Figure 1 was taken into account for this selection. This indicates that the sparse raingauge network may still be able to represent the distribution of the rainfall field. However, the merged rainfall field obtained by a moderatedensity raingauge network will be much smoother than the one generated by a high-density raingauge network.
In comparison, the low-density raingauge network may not be able to represent the spatial distribution of precipitation ( Figure 3 ). The CF values of different network configurations for high-, moderate-and low-raingauge network densities are included in Table 3 .
Radar-raingauge merging methods
In this section, several radar-raingauge merging methods have been implemented to assess the improvement in the precipitation estimation. It is worth noting that the topography has not been taking into account when merging radar and raingauge measurements, since the study region is relatively flat. The following radar-raingauge merging methods were implemented in the study region shown in Figure 1 .
Mean field bias correction
The mean field bias (MFB) correction is a simple and effec- The assumption is that the radar estimates are affected by a single uniform multiplicative error. This error may be due to a poor electronic calibration or an erroneous coefficient in the Z-R relationship (Borga ). The MFB method applied in this study is an additional correction that is applied using data from the specific region of interest. The adjustment factor is estimated as a mean field bias at the 60-min timescale
where N is the number of valid radar-raingauge pairs, G i
and R i are the raingauge and radar values, respectively, associated with raingauge i at a particular time step. The bias-adjusted RAD (R) is given byR ¼ MFB × R , where R represents the original RAD. Note that this correction adjusts the radar field so that on average the bias between radar and raingauge measurements is close to 1.
Ordinary Kriging
Ordinary Kriging (ORK) is the most widely used geostatisti- 
where γ is the semivariogram, N(x i À x j ) is the number of pairs of raingauge observations for a given lag distance of x i À x j , Z x i and Z x j are the values of raingauge data at locations x i and x j , respectively. 
where n is the number of available raingauges. The optimal weights for the best linear unbiased estimation are obtained by following the ORK system of (n þ 1) linear equations: where Equation (5) is required for the unbiased constraint of the estimation, γ(x i , x j ) is the semivariogram value between points x i and x j , n is the number of available raingauges and μ is the Lagrange multiplier. The weights λ ORK i will change if the estimation location x o changes. It can be seen that ORK is not a merging technique, as it only uses one set of data (e.g. raingauge data) as input. However, the ORK method provides a more reliable reference field or benchmark to evaluate the radar-raingauge merging methods.
Kriging with radar-based error correction
The Kriging with radar-based error (KRE) method is included as part of this study owing to its simplicity and computational efficiency. This method produces a rainfall field that follows a mean field of raingauge interpolation based on Kriging ( In this study, the raingauge data and radar measurements at the corresponding raingauge locations are interpolated separately by the ORK method at the first stage of the KRE process. The deviation of the original radar field (R ORI ) and the interpolated radar field using Kriging (R ORK ) is obtained by the following equation (Ehret et al. ) :
where R ORI is the original RAD and R ORK is the interpolated RAD using ORK and radar data at raingauge locations.
Finally, the KRE corrected rainfall field (Ẑ KRE ) is given bŷ Z KRE ¼ C ×Ẑ ORK , whereẐ ORK represents the interpolated rainfall field using ORK and raingauge measurements. The merged rainfall field not only follows the spatial structure of the original radar field but also preserves the mean field of the raingauge data (Ehret et al. ).
Kriging with external drift
KED is a more sophisticated geostatistical method and a variant of the ORK method that allows the incorporation of one or more additional variables. In this paper, only radar data are included as additional variable. The KED estimator
for the unknown point x 0 is a weighted sum of the raingauge observations Z G (x i ) from the n surrounding points x i , using the same equation as in the ORK method
whereẐ KED (x 0 ) is the estimated rainfall value at location
. . , n are the weights. However, the KED weights, λ KED i
, are unlike those used in the ORK method, since the estimator in the KED equation system has two constraints to satisfy the external drift hypothesis.
Firstly, the sum of the weights λ KED j must add up to 1
The additional and exclusive constraint to the KED system is that the radar value Z R (x 0 ) at the unknown point x 0 must equal to the sum of the weights multiplied by the radar value Z R (x j ) at raingauge point x j , that is (Haberlandt
The weights λ KED j are the solution of the KED system of equations (Haberlandt )
where γ(x i , x j ) is the semivariogram value between points x i and x j , μ 0 and μ 1 are Lagrange multipliers, and n is the number of available raingauges. The semivariogram γ was fitted to a spherical model, assuming that the rainfall field is isotropic. Therefore, in the KED technique, the radar data provides the external drift term and it is important that the radar rainfall measurements are highly linearly correlated to the raingauge measurements. A more detailed description of the KED method is presented in Wackernagel (), Haberlandt () and Verworn & Haberlandt () .
Performance assessment
The performance of the radar-raingauge merging techniques The mean bias (MBIAS) assesses the overall systematic error of a merging method and it is given by
where N is the number of data points, and Z i and G i represent the merged rainfall product and raingauge measurements, respectively, at locations i. The root mean square error (RMSE) is the most common performance indicator used as verification method
The mean absolute error (MAE) was also used here as main performance indicator, due to the fact that it is less sensitive to large outliers
The Nash-Sutcliffe's efficiency (NSE) coefficient proposed by Nash & Sutcliffe () is defined as
where G is the mean rainfall value measured by raingauges.
The NSE coefficient can range from À∞ to 1. A perfect estimator will have a NSE of 1. An efficiency of 0 represents that the estimator is as accurate as the mean of the raingauge observations.
RESULTS AND DISCUSSION
In The Kriging interpolation methods provide additional benefit at higher rainfall thresholds in all storm types.
Specifically, the KED method performs better than the other methods when using all different raingauge network densities, in terms of the MAE scores. However, as shown in Figures 5-8 , there are some cases where the ORK method performs slightly better than KED in terms of RMSE in particular during stratiform precipitation and for low rainfall thresholds.
The results also show that the NSE score improves with the application of radar-raingauge merging techniques for all storm types. The values of NSE for all Kriging interpolation methods (ORK, KRE and KED) are higher than the simple MFB correction method for all raingauge network densities.
The KED outperforms the other radar-raingauge merging methods, which is followed by the ORK method. The MBIAS score is also plotted in Figures 5-8 . The best estimator will have an MBIAS of 1. The results indicate that the KRE performs slightly better than the other methods during different storm events when using different raingauge network densities. The MFB correction method consistently underestimates the rainfall amounts when comparing to the raingauge observations. Overall, the results showed that the KED method consistently performs better than any other radar-gauge merging methods for the different storm types Figure 6 | The same as Figure 5 , but when using a high-density raingauge network.
at different rainfall thresholds when using different density of raingauge networks.
Effect of raingauge network density on radar-raingauge merging performance
The results shown in the previous section of the effect of the raingauge network density on the different radar-raingauge merging methods were averaged over 10 different calibration raingauge networks per storm and over all the storm types. The sensitivity of key statistical parameters of radar-raingauge merging methods on different raingauge network densities is illustrated in Figures 9 and 10 for convective and stratiform events, respectively. The relative MAE and RMSE scores are normalised with respect to the errors shown by the original radar rainfall data.
As shown in Figure 9 , all radar-raingauge merging methods are effective to reduce the errors in the original different radar-raingauge merging methods depend less on the geometry of the raingauge network distribution when using a high-density raingauge network for convective events. However, for a low-density raingauge network, the fluctuations of all merging methods become larger than for a high-or moderate-density raingauge network for convective events. It is obvious that the normalised MAE values of all Kriging interpolation methods and simple adjustment methods show more fluctuations at highest rainfall threshold when using low-density networks. This is due to the fact that there are more potential raingauge network configurations that can be generated when using a low-density raingauge network, and thus the results show more variations of rainfall spatial distributions. As shown in Figure 12 , the fluctuations of the normalised MAE values during stratiform events are obvious for all radar-raingauge merging methods. It is evident that the quality of the merged products depends on the geometry of the raingauge network distribution, in particular at highest rainfall threshold. The results indicate that the quality of the merged rainfall fields highly depend on the geometry of the raingauge network distribution for the estimation of high rainfall amounts. Results for the other normalised statistical parameters are not shown here, but they follow a similar trend as the normalised MAE scores.
Furthermore, a visual inspection of all the merging products on different raingauge network configurations shows some differences in the precipitation distribution. Figure 13 illustrates some examples of the distribution of precipitation estimated by the different radar-raingauge merging methods including radar observations for different raingauge network configurations when using a high-, moderate-and low-raingauge network densities on 1700 UTC 1 July 2007. As shown in the figure, the KRE and KED methods are able to preserve the spatial rainfall distribution as captured by radar. There are, however, some differences in the precipitation spatial patterns estimated on the different raingauge densities and it is evident that a high-density gauge network is able to better capture the spatial variability of precipitation when compared to the original RAD. Interestingly, the rainfall distribution estimated by KED is smoother compared to the estimated rainfall distribution by the KRE method. However, the rainfall fields estimated by the ORK do not follow the spatial distributions of the original RAD and there are some clear differences between different raingauge densities. As expected, the rainfall distributions estimated by the ORK method are very smooth compared to the KRE or KED methods and they are not able to represent the true rainfall spatial patterns, even if a highdensity raingauge network is used. However, this problem is less evident for the KRE and KED methods. For instance, the spatial distributions of precipitation for the ORK field vary between raingauge networks and the estimated rainfall spatial patterns by the ORK method highly rely on the distribution and raingauge network density. As described earlier, the ORK method is an interpolation method that relies only on raingauge observations and therefore the raingauge network density plays a crucial role. The KRE and KED methods, on the other hand, rely not only on raingauge measurements, but also on radar observations and this tends to improve the precipitation estimation in regions where there is a lack of raingauge data.
To investigate the spatial variability of the merged products, the corresponding spectral density maps of the rainfall fields estimated by radar-raingauge merging methods are computed in the frequency domain by using fast Fourier transform (FFT) and compared to the original RADs. Figure 14 illustrates the computed frequency spectrum of the corresponding rainfall fields estimated by the ORK, KRE, KED and radar fields shown in Figure 13 .
The results show that the FFT frequency spectrums of the KRE and KED merging methods closely follow the original frequency spectrum computed from the RAD, whereas the ORK method has a completely different frequency spectrum. This is clearly due to the fact that the KRE and KED methods use gauge and radar data, whereas the ORK method only uses gauge measurements. Note that the frequency spectrum of the MFB method (not shown in Figure 14 ) is exactly the same as the frequency spectrum of the original radar data. Furthermore, the correlations between the frequency spectrums of the MFB, ORK, KRE and KED methods and the frequency spectrum of the orig- 
SUMMARY AND CONCLUSION
Several rainfall merging methods that combine rainfall measurements from a raingauge network and radar rainfall data have been implemented in this study. Comparisons of different radar-raingauge merging methods have been conducted on different densities of raingauge networks with different configurations.
The effect of the density and configuration of the raingauge network on the performance of merging methods has been analysed. The results showed that the merging methods KRE and KED are effective to reduce the errors from the original radar rainfall for both convective and stratiform events at different rainfall thresholds, which is reflected by the lower relative scores of MAE and RMSE compared to the original radar. However, their performances highly rely on the density of raingauges. For instance, the quality of these merged products increases if the number of raingauges increases. In contrast, the simple MFB correction method is less sensitive to the raingauge network density. However, the MFB is the worst method for the reduction of errors from original radars, particularly at the highest rainfall threshold. The KED method was found to be the best method for the reduction of error (in terms of both MAE and RMSE) in radar rainfall estimation when compared to an independent validation raingauge network. The KED method also performs better than the other methods as shown by the NSE score. Moreover, the KRE and KED methods perform better than the ORK and MFB methods for the correction of MBIAS from the original radar data. The MFB correction method consistently underestimates the true rainfall amounts during all storm types at all rainfall thresholds.
Furthermore, the analysis of the effect of raingauge network configurations shows that the performance of the merging methods varies between different raingauge network configurations. According to the visual inspection of estimated rainfall fields and the correlations of the frequency spectra of the rainfall fields of the merged products, the results showed that the KRE and KED methods obtain higher correlations and are therefore able to preserve the rainfall distribution patterns of the original radar fields regardless of raingauge network density. The ORK is the worst method in representing the true rainfall spatial patterns as shown by the frequency spectra, and the correlation performance decreases with the decrease of raingauge network density. This indicates that the use of both radar and raingauge measurements such as in the KRE and KED methods improves the rainfall distribution estimation, in particular when the raingauge network density is poor. Moreover, the overall results indicate that the KED merging method is the best method for merging radar and raingauge measurements when comparing to an independent raingauge network. Further analysis on the sensitivity of the radar-raingauge merging techniques is needed in order to explore shorter accumulation timescales (e.g. 15 min), which are commonly used for hydrological applications. There is also a scope to look at the performance of the different merging methods in hydrological modelling.
